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Nearly one third of all nitrogen oxides are re-
moved from the atmosphere through the reac-
tive uptake of N2O5 into aqueous aerosol. The
primary step in reactive uptake is the rapid hy-
drolysis of N2O5, yet despite significant study,
the mechanism and rate of this process are un-
known. Here we use machine learning-based re-
active many body potentials and methods of im-
portance sampling molecular dynamics simula-
tions to study the solvation and subsequent hy-
drolysis of N2O5. We find that hydrolysis to ni-
tric acid proceeds through the coordinated fluc-
tuation of intramolecular charge separation and
solvation, and its characteristic rate is 4.1 ns−1,
orders of magnitude faster than traditionally as-
sumed. This large rate calls into question stan-
dard models of reactive uptake that envision local
equilibration between the gas and the bulk solu-
tion. We propose an alternative model based on
interfacial reactivity that can explain existing ex-
perimental observations and is corroborated by
explicit simulations.
The heterogeneous hydrolysis of N2O5 plays a key role
in establishing the oxidative power of the troposphere,
and is a major factor in determining air quality and
climate.1,2 In night time air, NO and NO2 are oxidized
by O3 to form NO3 and N2O5.
3 Around 20% of that at-
mospheric N2O5 is thought to be subsequently removed
by hydrolysis to HNO3 in aqueous aerosol.
4 However, a
molecular level understanding of the reactive uptake of
N2O5 is lacking, frustrating attempts to rationalize vari-
ations in field measurements.5–9 Using state of art com-
putational tools, including machine learning based10,11
reactive force fields and methods of importance sampling
molecular dynamics simulations, we have studied the re-
active uptake in pure water. We have determined that
the hydrolysis of N2O5 in aqueous aerosol is fast, occur-
ring in less than 1 ns on average, and subsequently that
interfacial processes dominate its reactive uptake. This
finding is inconsistent with traditional models of reac-
tive uptake, which assume reaction-limited bulk hydrol-
ysis and equilibrium solvation.6,8,12,13 Rather, we show
with explicit simulations that reactive uptake can be un-
derstood as a result of competition between interfacial
hydrolysis and evaporation.
a)Electronic mail: dlimmer@berkeley.edu
As an important reactive intermediate in the atmo-
spheric chemistry of nitrogen oxides and nitrate aerosol,
the heterogeneous chemistry of N2O5 has been the sub-
ject of intense study.6–8,12,14 Experimentally, only the
overall mass transfer of N2O5 gas to aqueous aerosol can
be easily measured, precluding a detailed understand-
ing of the physical and chemical processes that under-
pin it.6,12,13 Under standard conditions, mass transfer is
determined by the reactive uptake coefficient, γ, which
is the fraction of N2O5 molecules that collide with an
aerosol surface that are irreversibly lossed through re-
action. Measurements of γ in pure water vary between
0.01 . γ . 0.08.6,8 Uptake on pure water aerosol rep-
resents a speed limit for typical atmospheric aerosol, as
contributions from surface active organics and soluble in-
organic salts tend to suppress uptake.5,6,15,16 The size of
γ and its dependence on solution composition and ther-
modynamic state is currently rationalized with simplified
kinetic models.8,12,17 Unfortunately, the basic physical
and chemical properties of N2O5, like its solubility and
hydrolysis rate constant, that are needed to validate as-
sumptions made in such models are not available. There-
fore a model capable of directly interrogating the molec-
ular dynamics that transfer an initially gaseous N2O5
molecule into its solution hydrolysis products is needed.
Molecular simulations can in principle be used to
gain microscopic insight into the reactive uptake of at-
mospheric gases into solution, but traditional theoret-
ical methods are insufficient to reach the broad range
of length and time scales required.12 Classical force
fields have been used to study the physical solvation of
N2O5,
18,19 where it is computationally tractable to em-
ploy enhanced sampling methods and represent large in-
homogeneous systems. However, existing potentials are
not suitable to model chemical reactions, precluding a
study of the hydrolysis reaction. Ab initio molecular dy-
namics has been used to study hydrolysis and halide sub-
stitution reactions of N2O5 in water clusters.
20–24 How-
ever, it is not typically feasible to study systems large
enough to represent inhomogeneous systems or to evolve
systems long enough to study rare events. To overcome
these limitations, we have employed machine learning
techniques to fit a high dimensional reactive potential
to ab initio training data. The combination of novel po-
tential representations and algorithms to fit them has
recently enabled the use of machine learning based force
fields for a range of complex chemical problems.10,11 The
resultant potential allows us to access larger length and
time scales than typical ab initio simulations, but with
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2comparable accuracy. In so doing we are able to employ
advanced simulation methods to uncover a complete pic-
ture of the thermodynamics and reactive dynamics that
lead to the uptake of N2O5.
RESULTS AND DISCUSSION
In order to simulate the hydrolysis of N2O5 in liquid
water, we have developed a reactive force field capable
of describing a broad ensemble of solvation and bond-
ing configurations. Specifically, we constructed a model
using ab initio reference data fit to a flexible artificial
neural network functional.11 We used supervised and ac-
tive learning procedures on a range of condensed phase
and reactive path structures.25 The artificial neural net-
works are trained on reference energies and forces com-
puted from density functional theory,26,27 which provides
an accurate description of aqueous solution structure and
thermodynamics,28–31 and which we have additionally
benchmarked for N2O5 gas phase dissociation energies.
25
All of our studies are at ambient conditions with tem-
perature T = 298K and pressure p = 1 atm. The re-
sultant reactive force field accurately represents the ab
initio potential-energy surface of water and N2O5, but
at a significantly reduced computational cost, enabling
the systematic study of the thermodynamics and kinet-
ics of solvated N2O5 and its hydrolysis products.
Thermodynamics of solvation and hydrolysis.
Shown in Fig. 1a) is a characteristic snapshot of N2O5
and its surrounding solvation environment generated
from our neural network force field. The intramolecular
structure of the solvated N2O5 is characterized by large
fluctuations in the position of the center oxygen.25 These
fluctuations manifests the tendency of N2O5 to sponta-
neously undergo intramolecular charge separation, local-
izing excess positive charge in an emergent NOδ+2 moi-
ety and excess negative charge in an NOδ−3 moiety, as
an transient precursor to dissociation.19,24 Despite the
transient charge separation, we find that N2O5 is rela-
tively weakly solvated on average. Water forms less than
one hydrogen bond with the outer oxygens on average,
and even fewer with the nitrogens and bridging oxygen,
resulting in an unstructured solvation shell. This is be-
cause the localization of the charge is primarily on the
nitrogens, which are typically sterically inaccessible.
The observed hydration structure is consistent with
N2O5 being sparingly soluable in water. To quantify
the driving force for dissolving N2O5 in water, we have
computed the solvation free energy using thermodynamic
perturbation theory.25 The resultant solvation free en-
ergy, ∆Fs, was determined to be ∆Fs = −1.3 ± 0.5
kcal/mol implying a Henry’s law constant of H = 0.4±
0.1 M/atm. To our knowledge this is the first ab initio es-
timate of the solubility of N2O5. It is much smaller than
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FIG. 1. Solvation and hydrolysis thermodynamics in bulk wa-
ter. a) Representative snapshots of solvated N2O5 and HNO3
in bulk water from molecular dynamics simulations. The red
spheres denote oxygens, the blue nitrogens, and the white hy-
drogens. b) Free energy profile for N2O5 hydrolysis reaction
as a function of intramolecular nitrogen-nitrogen distance. c)
Free energy profile for the dissociation of HNO3 as a function
of a continuous coordination number between an O in the
NO3 moiety and a hydrogen, nh. A characteristic snapshot of
dissociated HNO3 from molecular dynamics trajectory, where
the excess proton is highlighted in yellow.
has been inferred from previous mass uptake experiments
which range from 1-10 M.32,33 However, the interpreta-
tion of such experiments is difficult due to the inability to
separate solvation of N2O5 from subsequent hydrolysis.
For a molecule with a dipole this solubility is relatively
low, though it is similar to other weakly solvated gases
like SO3. The low solubility reflects a subtle interplay
between favorable long range electrostatic energetics and
a large unfavorable cavity formation entropy.
The hydrolysis of N2O5 in liquid water is thermody-
namically favorable. We have calculated the free energy
3for dissociating N2O5 using umbrella sampling. Specif-
ically, we have computed the free energy as a function
of the intramolecular nitrogen-nitrogen distance, R, as
F (R) = −kBT ln〈δ(R − Rˆ)〉 where the hat denotes a
fluctuating quantity, 〈..〉 denotes a canonical ensemble
average, kB is Boltzmann’s constant, and δ is Dirac’s
delta function. The free energy is shown in Fig. 1b),
and exhibits a narrow minimum at R = 2.6A˚ and a
broad plateau for R > 4A˚, separated by a barrier at
R = 3A˚. The minimum at R = 2.6A˚ reflects the intact
N2O5 molecule, as shown in Fig. 1a), while the plateau
for R > 4A˚ manifests its dissociation. We find that at
large R it is thermodynamically favorable to form two
equivalents of HNO3, also shown in Fig. 1a). At rela-
tively short separation distances, 4A˚ ≤ R ≤ 6A˚ only one
of the two HNO3 molecules are likely to be dissociated.
The barrier region is wide, as large separations are needed
to solvate the separated nitrogens. A barrier of nearly 4
kcal/mol implies that hydrolysis is a rare event, and that
N2O5 can be dynamically distinguished from its eventual
hydrolysis products. The free energy difference between
the reactant and product basin is -4 kcal/mol. The low
solubility of N2O5 implies that nearly all solvated N2O5
in pure water is transformed to HNO3.
After hydrolysis, it is thermodynamically favorable for
the nascent nitric acid to dissociate into an excess pro-
ton and NO−3 . We have computed the free energy to
deprotonate HNO3 by monitoring a continuous coordi-
nation number, nh, between the oxygens on the NO3
moiety and a hydrogen.25 The free energy, F (nh), can be
estimated directly from F (nh) = −kBT ln〈δ(nh − nˆh)〉,
which is shown in Fig. 1c). The free energy difference
for removing a proton, F (nh = 0) − F (nh = 1) is -1.4
kcal/mol and corresponds to a pKa value of -1.1, which
is reasonably close to the experimental value of -1.35.34
Taken together, the calculated thermodynamics of
N2O5 solvation and subsequent hydrolysis in water are
consistent with experimental observations that its accom-
modation into aqueous aerosol is largely irreversible.12
Though weakly soluble, once in pure water N2O5 will
undergo hydrolysis to form two HNO3, which will subse-
quently deprotonate. Under high nitrate concentrations,
or in low humidity droplets, this equilibrium could be
shifted back towards an intact N2O5 and subsequently
its reevaporation. Indeed, low water content droplets are
observed to have smaller reactive uptake coefficients, and
dissolved nitrate salts can reduce the reactive uptake by
over an order of magnitude.6,33 However, due to the effec-
tive irreversibility of the reaction, a complete understand-
ing of reactive uptake requires insight into the kinetics of
solvation and hydrolysis.
Kinetics of N2O5 hydrolysis
The mechanism of N2O5 hydrolysis involves an inter-
play between intramolecular charge separation and stabi-
lization from the surrounding water. To understand this
interplay, we identified a reaction coordinate that encodes
the microscopic details relevant to hydrolysis in solution.
An appropriate reaction coordinate is one that is capable
of both distinguishing the intact N2O5 from its dissoci-
ation products, as well as characterizing the transition
state ensemble of configurations, which are those config-
urations that have equal probability of committing to ei-
ther the reactant or product states.35 While the nitrogen-
nitrogen distance in Fig. 1b) is capable of the former, it
fails in the latter. Configurations taken at fixed values of
R are overwhelmingly committed to either the reactant
or product basins of attractions. This is because R lacks
direct information about the surrounding water, which is
pivotal in describing hydrolysis.
We have found that an appropriate reaction coordinate
for hydrolysis is a linear combination of the nitrogen-
nitrogen distance, R, and a continuous coordination
number between the nitrogen atoms in N2O5 and the
surrounding water molecules, denoted nw.
25 Figure 2a)
shows the corresponding free energy surface, F (nw, R),
computed from F (nw, R) = −kBT ln〈δ(nw − nˆw)δ(R −
Rˆ)〉 using umbrella sampling. The reactant basin with
an N2O5 solvated in water and product basin are sepa-
rated by the line nw = −3R + 9.6, which defines a sep-
aratrix distinguishing the two basins of attraction. The
direction orthogonal to the separatrix we refer to as the
reaction coordinate, ξ. For small R, the weak hydration
structure of N2O5 is evident by the low value of nw. The
NOδ−3 + NO
δ+
2 pair generated at large R but nw = 0 are
not thermodynamically stable. The hydrolysis products,
two equivalents of HNO3, at large R have an elevated co-
ordination number, nw = 1, reflecting the altered bond-
ing arrangement upon abstracting a water molecule. The
saddle point of the surface, which we denote ξ∗, is lo-
cated at an intermediate coordination number nw = 0.4,
and intermediate nitrogen-nitrogen distance R = 3.1 A˚,
with a free energy barrier ∆F (ξ∗) = 3.8 kcal/mol. The
thermodynamically most likely reactive path follows the
simultaneous increase in the nitrogen-nitrogen distance
and coordination number. The increasing distance cor-
relates with the lengthening of a N–O bond and accom-
panying charge reorganization, which is thermodynam-
ically stabilized by a solvent fluctuation that alters the
coordination number.
The correlated increase in R and nw is not only
thermodynamically favored, but also well characterizes
the transition state ensemble for N2O5 hydrolysis. We
have confirmed the latter by performing a committor
analysis,35,36 whereby the probability of configurations
constrained to lie along the separatrix to commit to the
product basin, pB , is estimated by integrating an en-
semble of trajectories from an initial Maxwell-Boltzmann
distribution of velocities. If the dividing surface is a
true representation of the transition state ensemble, there
should be an equal probability to be committed to either
reactant or product basins. Shown in Fig. 2b) is the dis-
tribution of commitment probabilities for configurations
taken along the separatrix. The distribution is peaked
4e)
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FIG. 2. Kinetics and microscopic reaction mechanisms for the hydrolysis of N2O5 in bulk water. a) Free energy as a function
of the intramolecular nitrogen-nitrogen distance and a continuous water coordination number nw. Lines are spaced 1 kcal/mol
apart and dashed lines plots the separatrix. The circles indicate the approximate location of configurations in d) and e). b)
Distribution of commitment probabilities to the product basin, pB , for configurations taken along the separatrix in a). c)
Transmission coefficient, κ(t), as a function of time. d) Representative snapshots along a molecular dynamics trajectory in
which two protonated nitric acids are formed through the concerted ionization of water and addition of the OH− to NO+2 ,
followed by proton transfer to the NO−3 . e) Representative snapshots along a molecular dynamics trajectory in which hydrolysis
of N2O5 into one HNO3 and one NO3
− proceeds through the ionization of water and addition of the OH− to the NO+2 .
at pB = 0.5 confirming that the combination of nw and
R is capable of characterizing the dynamics that lead to
hydrolysis from N2O5.
We have employed the Bennett-Chandler method37 to
quantify the rate constant for hydrolysis. Specifically,
we compute the rate, kh(t), as a product of the tran-
sition state theory estimate, kTST, and the transmis-
sion coefficient, κ(t), kh(t) = κ(t)k
TST. The transition
state theory estimate of the rate is computable from
kTST = ν exp[−∆F (ξ∗)/kBT ] where the prefactor ν is
related to the mean velocity of ξ in the reactant basin.
The transmission coefficient corrects transition state the-
ory for dynamical effects at the top of the barrier, and
is given by the plateau region of the flux-side correla-
tion function.25 The transmission coefficient is shown
in Fig. 2c) and plateaus to a value of 0.25 within 0.5
ps. Taken together we find the rate of hydrolysis to be
kh = 4.1 ns
−1, implying an average lifetime of N2O5 to be
nearly 240 ps. This time is in excellent agreement with
that estimated from 100 individual reactive trajectories
propagated with direct dynamics.
Figures 2d and 2e) show representative snapshots
taken along hydrolysis pathways generated from our
molecular dynamics trajectories. Subsequent to passing
through the transition state, we find that the ensemble
of reactive pathways bifurcate resulting in two different
product states. In one pathway, Fig 2d), two nitric acids
are formed through the concerted ionization of water and
addition of the OH− to the NO+2 moiety, followed by
proton transfer to NO−3 . In the other pathway, Fig 2e),
one HNO3 and one NO
−
3 are formed. As in the first
pathway, this process proceeds through the ionization of
water and addition of the OH− to the NO+2 , however,
the H3O
+ generated does not have an existing hydrogen
bond wire to enable the subsequent donation of the pro-
ton to the NO−3 . In our ensemble of 100 trajectories, 20
% of those follow the first pathway and 80 % follow the
latter one. These product distributions and the pathways
that evolve them are similar to previous calculations in
water clusters.21 During hydrolysis, we find NO+2 is only
formed transiently, with an average lifetime of 4 ps, and
is better characterized by a hydrated H2ONO2
+ species
5than a stable intermediate. Once an HNO3 molecule has
its own independent solvation shell, we find that disso-
ciation occurs on average within 60 ps, or that ioniza-
tion to NO−3 + H3O
+ occurs with a reaction rate of 15.4
ns−1. The Grotthuss diffusion of the excess protons are
well reproduced with our force field. We find a relative
diffusivity of H3O
+ to OH− of 2.2 compared to the 1.9
measured experimentally.38
Previous estimates of the hydrolysis rate for N2O5 in
solution place it on the order of 10−4 ns−1, or four orders
of magnitude slower than our computed rate.8 However,
like the solubility of N2O5, this rate has been inferred
indirectly from mass transfer models and not measured
independently. The model most commonly invoked as-
sumes equilibration between the vapor and bulk solu-
tion, and is valid when uptake is reaction limited.12 Given
the short lifetime of N2O5 in solution, this equilibrium
assumption requires reevaluation. Indeed, the reaction
diffusion length, defined as `D =
√
D/kh where D is
the self-diffusion constant of N2O5 is small. Within our
model `D ≈ 1nm. As a consequence, we expect that
N2O5 does not diffuse away from the interface before re-
acting. This suggests that rather than being mediated by
bulk solvation and subsequent reaction, reactive uptake
of N2O5 is determined directly at the air-water interface,
through a process of interfacial absorption and reaction.
A model for reactive uptake based on such interfacial ac-
tivity is expanded on below.
Interfacial model for N2O5 reactive uptake
The canonical kinetic model for the reactive uptake of
N2O5 is the so-called resistor model.
12,13,17,39 This model
assumes that the gas molecule is first accommodated at
the surface, with probability α, and then diffuses from
the surface to the bulk where the reaction takes place.
The bulk reaction with rate kh, should be slow enough
that an equilibrium can be established between the gas
and the liquid phase, with concentrations determined by
the Henry’s law constant H. Under these assumptions for
the mass transfer kinetics, the reactive uptake coefficient,
γ, can be estimated from
γ =
(
1
α
+
v
4kBTH
√
Dkh
)−1
(1)
where v is the thermal velocity. Measurements suggest a
value of α & 0.4,40 however as discussed above, neither
H nor kh can be independently measured. Previous work
has assumed a value of H to be 5.0 M/atm, taken from
extrapolating the known solubilities of a series of other
NOx compounds.
33 Inverting the expression for γ and
setting it equal to the 0.03, which is the middle of the
range of experimental estimates, provides an estimate of
the reaction rate on the order of 105 s−1 for N2O5 hydrol-
ysis. This analysis is internally consistent, as it predicts
a reaction-diffusion length much larger than the width of
the interface, `D ≈ 80nm, but the solubility and hydrol-
ysis rate are dramatically different from those computed
ab initio. Using our computed values of H and kh, we
arrive at γ = 0.6, much higher than observed.
This inconsistency can be resolved by formulating an
alternative to the standard resistor model that envisions
the reactive uptake of N2O5 as an interfacial process.
Specifically, assuming all incoming N2O5 stick to the in-
terface and do not diffuse away, the reactive uptake is
given by a competition between hydrolysis of N2O5 at an
interface21 and its reevaporation back to the gas phase.
If ksh is the reaction rate at the surface and ke is the evap-
oration rate, then the reactive uptake coefficient can be
computed from
γ =
ksh
ksh + ke
(2)
which in the limit that γ is small reduces to γ ≈ ksh/ke.41
This competition is illustrated in Fig. 3 with accompa-
nying simulation snapshots, and contrasts it with the
processes of solvation and bulk hydrolysis included in
the standard resistor model. This interfacial model is
analogous to an older perspective on N2O5 uptake from
Mozurkewich and Calvert14. Using molecular dynamics
simulations, we have tested the assumptions of this model
and explicitly computed γ by estimating ksh and ke.
We have computed the reaction rate at the air-water
interface to be ksh = 0.95 ns
−1 from direct molecular dy-
namics simulations. The distribution of waiting times for
hydrolysis for both the interface and bulk are shown in
Fig. 3. This rate is slower than the corresponding rate
in the bulk by a factor of 4, and predominantly follows a
pathway that generates two protonated HNO3 molecules.
This is consistent with previous reports of the weaker
acidity of HNO3 at the air-water interface.
42 We have
estimated the evaporation rate by first computing the
free energy of adsorption to the interface from the va-
por using thermodynamic perturbation theory and then
assuming that evaporation is barrierless. We obtained a
free energy of adsorption of ∆Fs = −3.4 kcal/mol, which
is lower than the corresponding solvation free energy, as
shown in Fig. 3. This indicates that N2O5 is preferen-
tially solvated at the interface, which is consistent with
previous studies using empirical potentials18,19 and the
weak hydration observed in our bulk simulations. From
this, we estimate an evaporation rate of ke = 12.5 ns
−1.
The reactive uptake coefficient computable from these
two rate processes yields γ = 0.07, which is in reasonable
agreement with the experimental range.6,8
An interfacial model of N2O5 reactive uptake helps
rationalize a number of existing experimental observa-
tions, and opens new questions for further examination.
For example, it has been noted that the temperature de-
pendence of N2O5 uptake is rather weak.
43 The similar
barrier heights for interfacial hydrolysis and evaporation
result in both processes increasing with temperature at
about the same rate, leaving γ nearly invariant in our
model. Further, measurements of the reactive uptake on
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FIG. 3. Elementary physical and chemical steps involved in the reactive uptake of N2O5 in a pure water droplet. The red
arrows denote our proposed interfacial model, while blue refer to the standard bulk model. The panels show an incoming N2O5
molecule first adsorbed at the liquid-vapor interface, which then either reacts to form HNO3 or evaporates back into the gas
phase. Diffusion into the bulk of the droplet is comparatively slow, but once in the bulk, N2O5 can undergo hydrolysis. In
either case, deprotonation of HNO3 occurs after solvation into the bulk. The blue surface in the top panels represents the
location of the liquid-vapor interface. Top right panel: Probability distribution of the lifetime time of a N2O5 molecule, P (τ),
at the air-water interface and in bulk water. Bottom left panel: Solvation free energies of N2O5 at the air-water interface and
in bulk compared to the gaseous N2O5.
ice particles are close to those for liquid particles.44 The
importance of surface processes elucidated in our work
clarifies this coincidence, as diffusion into the bulk of the
solid is prohibitively slow, and as we have shown hydroly-
sis can still proceed. Finally, the rapid rate of hydrolysis
observed here explains why the uptake coefficient does
not strongly depend on reactions with inorganic species
in solution6 as such reactions cannot kinetically compete
for intact N2O5. However, it is known that the branch-
ing ratio for N2O5 decomposition in solutions with halide
anions, X− and excess nitrate strongly favors XNO2 over
HNO3, beginning at 1 M X
− concentration.45 This seems
at odds with the rapid hydrolysis to HNO3, which reacts
with X− to form XNO2 only at very low pH. Surface
chemistries not viable in the bulk solution such as those
catalyzed by enhanced interfacial proton concentrations
could be studied to clarify this. Such studies are now
possible by employing analogous neural network based
simulations as we have developed here. With these tools,
many heterogeneous chemistries previously defying ex-
planation can now be systematically studied and under-
stood.
METHODS
Machine learning ab initio potential. We have used
the DeePMD-kit11 to learn the many body interatomic
potential energy and forces generated at the DFT level
of theory. The primary data sets for the training were
generated from ab initio molecular dynamics simulations
using the Gaussian Plane Wave(GPW) implementation
in CP2K.46 All ab initio molecular dynamics simulations
were carried out in the canonical ensemble at ambient
temperature and density using the revised version of PBE
functional26 along with empirical dispersion correction
(Grimme D3)27. We used a molopt-DZVP basis set and
a plane wave cut-off of 300 Ry. The core electrons were
described with GTH pseuodopotential.47 We also car-
ried out metadynamics simulations48 to generate reac-
tive structures along the hydrolysis pathway. With the
primary data set generated by molecular dynamics and
metadynamics simulations, we first trained two indepen-
dent machine learned potentials that were then followed
by active learning to improve both models. The disagree-
ment in force between the two models was used to select
the new data sets for active learning. Final convergences
for testing errors in the energy were 0.2 meV/atom.
7Molecular dynamics simulations. To investigate the
hydrolysis reaction of N2O5, we carried out molecular dy-
namics simulations at ambient temperature and pressure
with 0.5 fs timestep. The integrator used a Langevin
thermostat, with characteristic time constant of 1 ps.
The bulk system contained one N2O5 molecule solvated
by 253 water molecules in a 19.73 x 19.73 x 19.73 A˚ box
with periodic boundary conditions in all three dimen-
sions. An equilibration molecular dynamics simulations
of 5 ns was carried out by classical molecular dynamics
that was followed by another equilibration MD simula-
tions for 400 ps with machine learned force field. During
the equilibration, the N-N distance was constrained to
2.6 A˚ to prevent the hydrolysis reaction taking place.
We sampled the initial configurations from a 1 ns con-
strained molecular dynamics simulation and then carried
out unconstrained molecular dynamics simulations for an
ensemble of 50 trajectories, each for 1 ns.
To investigate the hydrolysis reaction of N2O5 at the air-
water interface, we prepared a slab model with thickness
of 25 x 25 x 25 A˚, having free interface and an additional
20 A˚ vacuum on each side. We employed periodic bound-
ary conditions in all three dimensions. The slab model
included 1 N2O5 molecule and 522 water molecules. The
z-position of the N2O5 molecule was constrained at the
Gibbs diving surface of the slab. The initial configura-
tion was generated from an equilibrated water box. An
equilibration of 10 ns was carried out by classical molecu-
lar dynamics simulations with SPC/E water and GAFF
force field,19 which was then followed by another equi-
libration MD simulations for 500 ps with the machine
learned force field. During the equilibration, the N-N dis-
tance was constrained to 2.6 A˚ to prevent the hydrolysis
reaction taking place. We sampled the initial configura-
tions from a 1 ns constrained molecular dynamics sim-
ulation and carried out molecular dynamics simulations
for an ensemble of 28 trajectories, each for 3 ns.
Free energy and rate calculations. We used um-
brella sampling49 to estimate the reaction free energies
for the hydrolysis reaction of N2O5 in the bulk water.
Harmonic biases were employed for both nw and R, and
each of 26 windows were simulated for 1 ns. The free
energies were then estimated using WHAM.50 In order
to calculate the correction to the transition state theory
rate we computed the transmission coefficient from an
ensemble of 2000 unbiased trajectories. The commitor
probability was computed from an ensemble of 1000
unbiased trajectories, each starting from constrained
configuration at the dividing surface with a random
velocity taken from Maxwell-Boltzmann distribution.
We have computed the free energy to dissociated HNO3
in bulk water from an ensemble of molecular dynamics
trajectories having one HNO3 molecule solvated by 255
water molecule in a 19.73 x 19.73 x 19.73 A˚ box. Since
deprotonation occurs frequently, we have computed the
free energy by monitoring nh. We have computed the
solvation free energy of N2O5 using thermodynamic
perturbation theory. For computational efficiency, we
first used an empirical nonreactive reference potential
and constructed a reversible work path by pulling a
molecule of N2O5 initially in the vapor through a liquid-
vapor interface and into the bulk using a slab geometry.
We used the SPC/E water model and a GAFF force
field for the N2O5 with partial charges parametrized
to reproduce the ab initio electrostatic potential.19
We then estimated the free energy difference between
the empirical model and our neural network potential
model, by linearizing the relative Boltzmann weights
collected from 20,000 configurations of the solvated
classical model. An analogous calculation was used to
compute the absorption free energy at the interface.
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Supplemental Information:
Elucidating the mechanism of reactive uptake of N2O5 in aqueous aerosol
S1. GAS PHASE DISSOCIATION ENERGY OF N2O5
We have computed the dissociation energy difference and the energy barrier for the gas
phase dissociation reaction (N2O5 → NO−3 + NO+2 ) at the revPBE-D3 level of theoryS1,S2
and compared those to B3LYPS3,S4 and MP2S5. These are shown in Table S1, in which we
find that revPBE functional can satisfactorily reproduce the gas phase dissociation energies
relative to a hybrid functional and higher level electronic structure theory.
TABLE S1. Calculated energies (kcal/mol) for the gas phase dissociation of N2O5 into NO
−
3 and
NO+2
Method ∆E ∆E†
MP2/6311++G(2d,2p)∗ 147.33 12.21
B3LYP/6311++G(2d,2p)∗ 155.85 14.00
revPBE/6311++G(2d,2p)∗ 151.74 13.78
S2. MACHINE LEARNING AB INITIO POTENTIALS
A. Training Data set
The training data set includes structures generated by ab initio molecular dynamics with
three dimensional periodic boundary conditions for solvated N2O5 and bulk ambient water.
We have included representative structures from the following simulations in a 19.73 x 19.73
x 19.73 A˚ simulation box:
1. pure water box with 256 water molecules
2. solvated N2O5 with one N2O5 molecule solvated by 253 water molecules
3. solvated HNO3 with one HNO3 molecule solvated by 253 water molecules
4. solvated NO−3 and H3O
+ with one NO−3 and one H3O
+ molecules solvated by 252 water
molecules
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5. solvated H3O
+ and OH− with one H3O+ and one OH− molecules solvated by 254 water
molecules
6. solvated N2O5 at the surface of a liquid vapor interface with one N2O5 and 522 water
molecules in a 25 x 25 x 25 A˚ slab and 20 A˚ vacuum on both sides.
We also included structures along the hydrolysis pathway into our training sampled from
metadynamicsS6 simulations in conjunction with AIMD using CP2K. Our final data set
to train the bulk solvated N2O5 model contained 10000 data points and the slab model
contained 20000 data points.
B. Training accuracy
We trained our neural network (NN) model using a deep neural network architecture
with 3 layers each having 600 nodes as implemented in DeePMD-kit.S7 We used a cut off
distance of 8 A˚ to represent the local internal structure around any atom in our training
data set. We defined the loss function as the sum of mean square deviations in energy and
force, which was minimized during the training process. For the slab model, we also included
mean square deviation in virial in the loss function. At the end of the training, the accuracy
of the model was 2.0 meV in energy/atom and 0.05 eV/A˚ in force/atom. Correlation plots
for the testing and training data for the force predicted by the neural network relative to
that computed from DFT are shown in Fig.S1 and S2. Summary errors are presented in
Table S2 and Table S3.
TABLE S2. Bulk Model
Training data set Test data set
Energy (meV/atom) 0.2 0.25
Force (meV/A˚-atom) 50 60
2
TABLE S3. Slab Model
Training data set Test data set
Energy (meV/atom) 0.2 0.25
Force (meV/A˚-atom) 60 70
Virial (meV/atom) 3.0 3.0
FIG. S1. NN model prediction vs DFT results for the x-component of the force over a data set
that was included in the training.
FIG. S2. NN model prediction vs DFT results for the x-component of the force over a data set
that was not included in the training.
3
C. Active learning
We trained two independent models, each with the same primary data set but with
different initial parameters and different structures of the hidden layers. Both models were
trained with a neural network architecture having 3 layers, but one having 600 nodes in
each layer and the other having 400 nodes in each layer. We then followed active learning
procedure to improve both models.S8 The disagreement in force between the two models
was used to select the new data sets for active learning. The force-force correlation between
these two model is used to determine finally whether the training data set is large enough
to achieve a converged result. This data is shown in Fig. S3, and yielded a mean squared
deviation of 45 meV/A˚-atom.
FIG. S3. NN model prediction between two independently trained models for the x-component of
the force over a data set that was not included in the training.
D. Validation of the NN model
We have checked the accuracy of our model by comparing various structural and dynamic
properties with DFT data and also the consistency between the two independent NN mod-
els. We report the structural calculations in Figs.S4-S10. We have calculated the diffusion
constant of N2O5, H3O
+ and OH− in bulk water from the mean squared displacement of the
solvated molecule in a molecular dynamics trajectory. This is detailed in Table S4.
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FIG. S4. O-O radial distribution function for bulk water at ambient temperature and pressure
1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.0
R/Å
0.0
0.2
0.4
0.6
0.8
1.0
1.2
1.4
1.6
1.8
g O
H
(R
)
DFT
NN1
NN2
FIG. S5. O-H radial distribution function for bulk water at ambient temperature and pressure
TABLE S4. Diffusion constant, units are in x 10−9 m2/s
Simulation ExperimentS9,S10
N2O5 0.55 0.10
H3O
+ 7.8 9.4
OH− 3.6 5.2
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FIG. S6. H-H radial distribution function for bulk water at ambient temperature and pressure
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FIG. S7. Probability distribution of N-O-N angle of solvated N2O5 in bulk ambient water
S3. FREE ENERGY CALCULATIONS
A. Free energy of N2O5 hydrolysis
We employed umbrella sampling to calculate the free energy of N2O5 hydrolysis, as a
function of two reaction coordinates, i) the distance between the two nitrogen atoms within
the N2O5 molecule (R) and ii) the water coordination number nw. The coordination number
was computed fromS11
nw =
∑
i∈ON2O5
j∈HH2O
1− ( rij
rc
)4
1− ( rij
rc
)16
(S1)
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FIG. S8. Probability distribution of the terminal O-N-O angles of solvated N2O5 in bulk ambient
water
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FIG. S9. Probability distribution of the difference between two N-O distances of solvated N2O5 in
bulk ambient water
where rij is the distance between atoms i and j, and rc = 2.4 A˚. We employed harmonic
potentials of the form,
UB = kR (R−R0)2 + kn (nw − n0)2
with 26 windows are equally spaced along the distance coordinate, 2.4A˚ ≤ R0 ≤ 5.0A˚ and 10
windows along the coordination number coordinate, 0 ≤ n0 ≤ 1.0. We used spring constants
of kR = kn =15.0 kcal/mol-A˚
2. Each of the windows were run for 1 ns.
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FIG. S10. Nitrogen-water oxygen radial distribution function for solvated N2O5 in bulk water at
ambient temperature and pressure
B. HNO3 dissociation
To compute the free energy for dissociation of HNO3, we monitored a continuous coor-
dination number, nh, between the oxygens on the NO3 moiety and the hydrogens, defined
as
nh =
∑
i∈ONO3
j∈H
1− ( rij
rc
)12
1− ( rij
rc
)24
(S2)
with rc = 1.2A˚. Using an ensemble of 10 trajectories, each for 4 ns we were able to converge
a distribution of nh and also the characteristic time for of HNO3.
C. Bulk and interfacial solvation free energy of N2O5
In order to computer the free energy of solvation, we employed thermodynamic pertur-
bation theory using a classical fixed charge reference potential. We have computed the free
energy profile for the transfer of a N2O5 molecule from the gas phase to the bulk through
the air-water interface in slab simulations using umbrella samplingS12. We employed SPC/E
water modelS13 and the GAFF force fieldS14 for the N2O5 with partial charges parametrized
to reproduce the ab initio electrostatic potentialS15. We employed a real-space cutoff of 9.0
A˚ to non-bonded interactions and the long range electrostatics was computed by Particle
Mesh Ewald summation. The bonds involving hydrogen atoms were constrained using the
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SHAKE algorithm.S16 The temperature was kept at 300 K using Langevin dynamics with a
collision frequency of 5.0 ps−1 and a time step of 1 fs was used as employed by LAMMPS.S17
The free energy profile is obtained from a set of umbrella sampling using distance between
the COM of a water slab and the N2O5 molecule. The bias potential was of the form
UB = kz (z − zo)2
where we took 50 windows equally spaced along the z-coordinate from 0.0 ≤ zo ≤ 25.0 A˚,
and employed kz =5.0 kcal/mol-A˚
2. Each of the windows were run for 4 ns. The free energy
as a function of z, F (z), is shown in Fig. S11. We define a bulk N2O5 as z < 4A˚ and an
interface N2O5 as 10 ≤ z ≤ 17A˚.
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FIG. S11. Potential of mean force for the transfer of a N2O5 molecule from gas phase to bulk of
the liquid. Gibbs dividing surface is at 12 A˚ and gas phase is in the right hand side of the dividing
surface.
To compute the solvation free energy within the NNP from the empirical model, it is
sufficient to compute the additional free energy to transform the gaseous N2O5 from the
NNP from the empirical model and the solvated N2O5 NNP from the empirical model. The
free energy to transform the system from the empirical model described by energy function
EEto the NN model described by energy function ENNP is given exactly by,
S12
FNNP − FE = −kBT ln〈e−β(ENNP−EE)〉E
where FNNP, FE are the energy energy in the NN model and empirical model respective, and
〈...〉 denotes ensemble average. If the energy difference between the two representations is
9
TABLE S5. Enthalpy and entropic contribution to the solvation free energy computed from the
empirical potential. Units are in kcal/mol. The statistical sampling error of the calculated free
energy values (∆F ) is approximately ± 0.1 kcal/mol and that for the energetic contribution (∆U)
is ± 1.0 kcal/mol.
∆F ∆U -T∆S
Gas 0.0 0.0 0.0
Surface -2.7 -7.5 4.8
Bulk -1.55 -9.2 7.65
TABLE S6. Solvation free energy obtained from the NN model employing thermodynamic per-
turbation method. Units are in kcal/mol. The statistical sampling error of the calculated energetic
contribution (∆U) is ± 1.0 kcal/mol.
∆F ∆U -T∆S
Gas 0.0 0.0 0.0
Surface -3.4 -8.2 4.8
Bulk -1.3 -8.95 7.65
small, the expression above can be expanded to first order, yielding,
FNNP − FE ≈ 〈ENNP〉 − 〈EE〉E
which is an approximation that can be check a posteriori. For the solvation free energy in
the bulk and at the interface, we must compute free energy changes for the gasoes N2O5 as
well as the two differently solvated species. For the empirical model, we have computed the
average energies for these three species from a 10 ns long molecular dynamics trajectory,
and averaged potential energy from a 4 ns long molecular dynamics trajectory from the NN
model. These differences, as well as their implied free energies are shown in Tables S5 and
S6. Note that the first order perturbation theory assumes identical entropic contribution
to the free energy, which given the small changes in energy, on the order of kBT , seem
self-consistent.
10
REFERENCES
[S1]Y. Zhang and W. Yang, “Comment on generalized gradient approximation made sim-
ple,” Phys. Rev. Letters 80, 890 (1998).
[S2]S. Grimme, J. Antony, S. Ehrlich, and H. Krieg, “A consistent and accurate ab initio
parametrization of density functional dispersion correction (DFT-D) for the 94 elements
H-Pu,” J. Chem. Phys. 132, 154104 (2010).
[S3]A. Becke, “Density-functional thermochemistry. III. the role of exact exchange,” J.
Chem. Phys 98, 5648 (1993).
[S4]C. Lee, W. Yang, and R. G. Parr, “Development of the colle-salvetti correlation-energy
formula into a functional of the electron density,” Phys. Rev. B 37, 785 (1988).
[S5]C. Møller and M. S. Plesset, “Note on an approximation treatment for many-electron
systems,” Phys. Rev. 46, 618 (1934).
[S6]A. Laio and F. L. Gervasio, “Metadynamics: a method to simulate rare events and
reconstruct the free energy in biophysics, chemistry and material science,” Rep. Prog.
Phys. 71, 126601 (2008).
[S7]H. Wang, L. Zhang, J. Han, and E. Weinan, “DeePMD-kit: A deep learning package for
many-body potential energy representation and molecular dynamics,” Comput. Phys.
Commun. 228, 178–184 (2018).
[S8]J. Behler, “Constructing high-dimensional neural network potentials: A tutorial re-
view,” Int. J. Quantum Chem. 115, 1032–1050 (2015).
[S9]R. Mills and V. M. Lobo, Self-diffusion in electrolyte solutions: a critical examination
of data compiled from the literature (Elsevier, 2013).
[S10]T. Anttila, A. Kiendler-Scharr, R. Tillmann, and T. F. Mentel, “On the reactive
uptake of gaseous compounds by organic-coated aqueous aerosols: Theoretical analysis
and application to the heterogeneous hydrolysis of N2O5,” J. Phys. Chem. A 110,
10435–10443 (2006).
[S11]M. Iannuzzi, A. Laio, and M. Parrinello, “Efficient exploration of reactive potential
energy surfaces using car-parrinello molecular dynamics,” Phys. Rev. Lett. 90, 238302
(2003).
[S12]D. Frenkel and B. Smit, Understanding molecular simulation: from algorithms to ap-
plications, Vol. 1 (Elsevier, 2001).
11
[S13]H. Berendsen, J. Grigera, and T. Straatsma, “The missing term in effective pair po-
tentials,” J. Phys. Chem. 91, 6269–6271 (1987).
[S14]J. Wang, R. M. Wolf, J. W. Caldwell, P. A. Kollman, and D. A. Case, “Development
and testing of a general amber force field,” J. Comp. Chem. 25, 1157–1174 (2004).
[S15]B. Hirshberg, E. R. Molina, A. W. Go¨tz, A. D. Hammerich, G. M. Nathanson, T. H.
Bertram, M. A. Johnson, and R. B. Gerber, “N2O5 at water surfaces: binding forces,
charge separation, energy accommodation and atmospheric implications,” Phys. Chem.
Chem. Phys. 20, 17961–17976 (2018).
[S16]S. Miyamoto and P. A. Kollman, “Settle: An analytical version of the shake and rattle
algorithm for rigid water models,” J. Comput. Chem. 13, 952–962 (1992).
[S17]S. Plimpton, “Fast parallel algorithms for short-range molecular dynamics,” J. Comput.
Phys. 117, 1–19 (1995).
12
